An interesting sociophysical research problem consists of the compatibility between collective social behavior in the short term and cultural diversity in the long term. Recently, it has been shown that, when studying a model of short term collective behavior in parallel with one of long term cultural diversity, one is lead to the puzzling conclusion that the 2 aspects are mutually exclusive. However, the compatibility is restored when switching from the randomly generated cultural space distribution to an empirical one for specifying the initial conditions in those models. This calls for understanding the extent to which such a compatibility restoration is independent of the empirical data set, as well as the relevant structural properties of such data. Firstly, this work shows that the restoration patterns are largely robust across data sets. Secondly, it provides a possible mechanism explaining the restoration, for the special case when the cultural space is formulated only in terms of nominal variables. The proposed model assumes that a realistic distribution in cultural space is governed by the existence of several "cultural prototypes", a hypothesis already used in previous work, provided that every individual's sequence of cultural traits is a combination of the sequences associated to the prototypes. This can be considered indirect empirical evidence in favor of social science theories having inspired the model. * babeanu@lorentz.leidenuniv.nl † leandros.talman@gmail.com ‡ garlaschelli@lorentz.leidenuniv.nl 1 arXiv:1506.01634v1 [physics.soc-ph] 
Over the last decades, methods and tools from statistical and computational physics have been increasingly used to address social science questions. Dynamical models are often used to understand how various large-scale socio-cultural phenomena can be explained in terms of simple, local interactions between social agents [1] . Some examples of models studied within this paradigm are those concerned with opinion dynamics, cultural dynamics, language dynamics, crowd behavior and information diffusion. Among these, two minimalist models of opinion/cultural dynamics are relevant for the research presented here. The emphasis, however, is not placed on the models themselves, but rather on employing these models as statistical tools that are sensitive to the structure of empirical data sets specifying the agents' cultural traits in the initial states. The actual aim is to understand the structural properties of such data sets, also referred to here as "cultural space distributions". This is achieved by evaluating two observable quantities, each of them relying on one of the two models. Historically, each model originates from the study of one separate research problem, such that each observable quantity is representative of one of the two, previously investigated problems.
The first such problem is related to collective, coordinated social behavior in the short term. Such behavior can be observed, for instance, as bursts of fashion and popularity [2, 3, 4] , as rapid diffusion of rumors, gossips and habits [1, 5] and as speculative bubbles and herding behavior on the stock market [6, 7] . Such phenomena at macroscopic level can be determined by dyadic interactions between people, according to a mechanism provided by the Cont-Bouchaud-type model [6] that is employed here. The observable relying on this model is a measure of the extent to which the underlying cultural space distribution favors short term collective behavior (STCB), as a function of the susceptibility of cultural traits to (dyadic) social influence.
The second such problem is related to the survival of cultural diversity in the long term. In the real world, boundaries between populations belonging to different cultures appear to be resilient with respect to social interactions across them [8, 9, 10] . From a theoretical point of view, differences in cultural traits can indeed prevail at the macro level, in spite of repeated, consensus-favoring interactions at the micro level, which is also visible in the Axelrod-type model [11] of cultural evolution employed here. Using this model, one can measure the extent to which the underlying cultural space distribution favors long term cultural diversity (LTCD), as a function of the same susceptibility of cultural traits to social influence.
For the first time, Ref. [12] combined the two research questions, by evaluating the two models sideby-side, motivated by their common use of dyadic "social influence". Specifically, they both assume that pairwise social interactions allow agents to influence each other's cultural traits in favor of local consensus. Cultural traits may consist of subjective preferences, opinions, values or beliefs with respect to specific aspects of life -such as artistic preferences, political opinions, moral values and religious beliefs. Mathematically, such aspects of life are encoded as nominal or ordinal variables, called "cultural features", while cultural traits constitute the values that these variables may attain. Provided that a given list of cultural features may be evaluated on a given sample of individuals, a sequence of cultural traitsalso called a "cultural vectors" -may be associated to each individual -as shown schematically in Fig. 1 . This formalism allows for a "cultural distance" to be defined for every pair of individuals in the sample -simply a measure dissimilarity between the two sequences of cultural traits. Both models assume that cultural distances strongly constrain social influence, in the sense that a social interaction between two agents may only lead to a successful change of a cultural trait only when the cultural distance between the two cultural vectors is smaller than a certain threshold. This is the so-called "bounded confidence" threshold, inspired by assimilation-contrast theory [13] , an ingredient added to the Cont-Bouchaud model in Ref. [12] , after having been already used in combination with the Axelrod model [14] . It coincides with the susceptibility of individual traits to social influence mentioned above and is a free parameter in both models. The crucial difference between the short term dynamics of the Cont-Bouchaud-type model and the long-term dynamics of the Axelrod-type model is that, while the former is concerned with trait-influencing interactions with respect to only one, "external" cultural feature, which is not even considered for computing the cultural distances, the latter is concerned with trait-influencing interactions with respect to all cultural features used for computing the cultural distances. Thus, the cultural distances are fixed in the former model but dynamical in the latter. As an intuitive justification, the former model is concerned with how individuals coordinate, for instance, on liking or disliking an item to which they are Figure 1 : Sketch of (from left to right): an empirical cultural space distribution with N vectors (x 1 to x N ) and F nominal variables (Q 1 to Q F ); a set of n P = 3 cultural prototypes for the same F variables; an artificial cultural space distribution with N vectors generated from the prototypes using the prototype generation (PG) model; an artificial cultural space distribution with N vectors generated from the prototypes using the mixed prototype generation (MPG) model. For the PG and MPG sketches, red, green and blue denote copies of cultural traits from one of the 3 prototypes respectively, while black denotes random generation of traits. just being exposed to, while the latter model deals with the evolution of features that are more important for the individuals on longer time scales. One aim of Ref [12] was understanding how the nature of the initial cultural space distribution affects the two models as a function of the cultural distance threshold.
The results of Ref [12] showed that when the initial cultural vectors are randomly generated, STCB and LTCD are mutually exclusive. More precisely, for all values of the cultural distance threshold, at least one of the two observables attains a close-to-minimum value. However, when these vectors are specified by empirical data obtained from a large scale social survey, the two aspects are clearly more compatible, with both observables attaining intermediate values for a certain region of the threshold. Moreover, shuffling the traits among people, thus retaining only part of the information in the empirical data, entails a compatibility level between those obtained with empirical and random data. Thus, Ref [12] showed that a realistic cultural space distribution has enough structure to dramatically affect the behavior of opinion/cultural dynamics models using it as an initial condition, aspect which had been neglected in the past. Further analysis suggested that such effects are at least partly determined by the ultrametric-like [15] nature of the set of cultural distances obtained from the empirical data.
Following up on this, Ref. [16] examined in more detail the structure of empirical cultural space distributions, by focusing on its relationship with LTCD, while leaving out the notion of STCB. While further exploring the role of ultrametricity in sustaining LTCD, it explicitly showed that a large spread of cultural distances between cultural vectors is another key ingredient. This was achieved by experimenting with several methods for generating artificial cultural space distributions that reproduce certain aspects of the empirical ones -such methods, also employed here, will be referred to as "benchmarks" or "structural models". In terms of generating realistic cultural data, the method that appeared most successful relied on the notion of "cultural prototypes". Cultural prototypes are a few, underlying sequences of self-consistent cultural traits governing the cultural space distribution. The implicit claim is that each cultural prototype is induced by one of a few (3 to 5), fundamental and universal "principles of social life" that would strongly interfere with any process of opinion, preference, belief or value formation in any social system. Such entities are postulated, under different names, by a multitude of theoretical frameworks in social science [17] , [18] , [19] , [20] , [21] , some of them being explicit attempts to unify social science.
The first question addressed here relates to the robustness of the results in Ref. [12] . This is done by repeating the LTCD-STCB analysis described above on four data sets concerned with different cultural variables evaluated on different samples of people: the Eurobarometer (EBM), containing opinions on science, technology and various European policy issues of people in EU countries [22] ; the General Social Survey (GSS), containing opinions on science, technology and the environment of people in the US [23] ; the Religious Landscape (RL), containing religious beliefs of people in the US [24] ; Jester, containing online ratings of jokes [25] . It turns out that the results of Ref. [12] are indeed robust both across different data sets.
The second question addressed here relates to the mechanism behind the patterns observed through the STCB-LTCD analysis, aiming at a deeper understanding of the structure of realistic cultural space distributions. Using the approach of Ref. [16] , two structural models are studied, both of them relying, in different ways, on the idea of cultural prototypes described above. The first structural model, called "Prototype Generation" (PG) -very similar to what Ref. [16] calls "Prototype Evolution" -assumes that a given fraction of every person's cultural traits are dictated by one of the prototypes, while the other traits are entirely random. The second structural model, called "Mixed Prototype Generation" (MPG), assumes that every person's cultural traits are jointly dictated by all prototypes, while the prototype influence weights are differently ranked among different people. For both PG and MPG, the way the influences of the prototypes are distributed along any generated cultural vector is entirely random. All this is illustrated in Fig. 1 .
The PG and MPG benchmarks have 3 free parameters each, one of them being the number of prototypes n P . For each choice of n P > 1, the other 2 parameters are tuned, for each benchmark, such that agreement with empirical data is achieved in terms of 2 statistical quantities (other than the STCB and LTCD observables). Once fitted, regardless of the n P value, MPG appears much more realistic than PG in terms of the STCB-LTCD analysis. This implies that the idea of cultural vectors being different combinations of several cultural prototypes is highly compatible with the empirical data used here, thus providing indirect empirical evidence for the social science theories that inspired this modeling paradigm.
Results
To address the first research question, the robustness of the LTCD-STCB results in Ref. [12] across data sets is verified. This is illustrated in Fig. 2 , where the 4 panels correspond to the 4 empirical data sets that are used. In each plot, the 3 curves correspond to 3 information levels: full-information (red), where the cultural vectors are obtained directly from the original data; partial-information (blue), where the empirical opinions on every topic are independently and randomly shuffled among people; no-information (black), where the opinions are randomly generated, according to the empirical variable ranges and types (nominal or ordinal). Each curve should be seen as characterizing the respective cultural space distribution, showing the dependence between the measure of long-term cultural diversity (LTCD, vertical axis) and the measure of short-term collective behavior (STCB, horizontal axis). Every curve is parameterized by the cultural distance threshold (ω), which can be interpreted as the susceptibility of opinions to dyadic social influence. As the cultural distance threshold is increased, one moves, along any curve, from the upper-left corner (high LTCD, low STCB) to the lower right corner (low LTCD, high STCB). The overall departure of a curve from the lower left corner is a measure of the extent of compatibility between LTCD and STCB allowed by that cultural space distribution. Note that, for every data set, the original case allows for more compatibility than the shuffled case, which in turn allows for more compatibility than the random case -the extent of compatibility is thus higher for higher levels of information about the empirical distribution. Moreover, note that the LTCD vs STCB curve for the original case, which retains the full empirical information, is always close to the second diagonal, nearly continuous and smooth. These qualitative observations constitute the basis for the claim of there being generic structural properties underlying empirical cultural space distributions. Moreover, these properties also appear robust across geographical regions, as illustrated by Fig. 5 in the Appendix.
To address the second research question, it is worth understanding how these results can be reproduced by artificial data generated using structural models of cultural space distributions. Both structural models used here, called "prototype generation" (PG) and "mixed prototype generation" (MPG), make use of 3 parameters each: the number of prototypes n P , the prototype overlap parameter o p and the vector overlap parameter o v . Before comparing a model with empirical data in terms of the LTCD-STCB plots, for an arbitrary, non-unitary value of the number of prototypes n P > 1, the remaining 2 parameters the average of inter-vector distances (AIVD), the spread of inter-vector distances (SIVD). It is known from Refs. [16] and [12] that empirical cultural space distribution have a significantly lower AIVD and a significantly higher SIVD than their random counterparts.
In order for such a direct comparison with an empirical data set to be meaningful, a structural model needs to make use of the same set of cultural features (same combinations of types and ranges) as the empirical data -otherwise systematic deviations appear in the AIVD and SIVD quantities. However, both models studied here rely extensively on copying random sub-sequences of opinions from the prototypes to construct the final cultural vectors, procedure which is only consistent with nominal cultural features. For this reason, only comparisons with the nominal part of the Eurobarometer data (EBM n ) are performed -the EBM set is the only one having enough nominal variables for such an analysis to be feasible. Once the parameters are tuned, the two structural models are easily comparable to empirical data in terms of the LTCD-STCB combination of observables used in Fig. 2 . This is done in Fig. 3 , for the original and shuffled cases (the random cases should match by definition), for the specific case of n P = 3 prototypes (similar results are obtained for different values of n P ). It turns out that MPG reproduces the empirical curves much better than PG -although PG preserves the order of the curves with respect to the lower-left corner, it clearly does not preserve their shape. This shows that the mixing the prototypes is an essential ingredient for generating realistic cultural space distributions.
Discussion
This research takes its origins from previous studies of models of opinion and cultural dynamics, which had been traditionally focusing on the dynamical rules rather than on the initial cultural space distribution. Instead, Ref. [12] used for the first time empirical cultural data for specifying the initial conditions, showing how it can dramatically affect the outcome of a minimalist model of long-term cultural diversity (LTCD), for a given outcome of another, minimalist model of short-term collective behavior (STCB). This motivated a paradigm shift, involving the use of such models on empirical data simply for understanding the structure inherent in the latter, approach which is largely exploited here. This manuscript shows that regadless of the sample of people and of the set of cultural variables in use, an empirical cultural space distribution looks qualitatively the same when examined through the lens of the LTCD-STCB analysis. Inspired by Ref. [16] , it provides a procedure for artificially generating cultural space distributions that look qualitatively similar to a given empirical one when examined through the same lens, provided that all cultural variables are nominal, that the empirical data format is respected and that the free parameters of the method are tuned to reproduce the empirical values of simpler statistical measures. Note that, for the purpose of these conclusions, it does not matter to what extent the Cont-Bouchaud-type and Axelrodtype models used here are truly realistic for describing collective behavior in the short term and cultural diversity in the long term respectively, as long as they are applied in exactly the same way on empirical data from various sources and on artificially generated data. They are simply used as computational tools for evaluating the STCB and LTCD observables.
The successful structural model of cultural space distributions developed here, labeled "mixed prototype generation" (MPG), relies on the notion of "cultural prototypes". Inspired by several theories in social psychology and cultural anthropology, which can be collectively referred to as "prototype social theories", cultural prototypes should be understood as combinations of opinions, values, preferences and beliefs that are consistent with elementary and irreducible social strategies, that are supposed to manifest themselves at all levels of social life. For example, such irreducible strategies are called "ways of life" in Ref. [17] , where each way of life is understood as a self-enforcing combination between a "pattern of interpersonal relations" and a compatible "cultural bias", the latter notion being very similar to that of "cultural prototype" used here. In the manner used in Ref. [16] , cultural prototypes were understood as centroids of well defined clusters of cultural vectors, within which the traits of every vector are partly dictated by the prototype and partly random. This picture was studied here using the simpler "prototype generation" (PG), which turned out to be a poor description of empirical data. The additional ingredient of MPG is that, for every cultural vector, most of the traits that are not dictated by the dominating cultural prototype are dictated by the other prototypes. The interpretation is that, for every person, cultural traits relating to different aspects of life are formed under the influence of different ways of life, although one dominating way of life is expected. This prototype mixing is actually suggested by the same theories mentioned above, such as in The Multiple Self chapter of Ref. [17] . Formally, in terms of the cultural space, rather than occupying spherical shells around the prototypes like in PG, cultural vectors populate the region between the prototypes in MPG. The extent to which one can still think in terms of clusters neighboring the prototypes depends on the choice of parameters, and it is yet unclear whether this is the case for the empirical parameterization here. Nonetheless, it is clear that the presence of the prototypes has a strong structural impact on the cultural space distribution.
It is not yet known how can one constrain the number of prototypes n P , the remaining free parameter of both structural models. The results above are obtained after making the arbitrary choice n P = 3, but any integer n P > 1 is valid on theoretical grounds. Moreover, it has been explicitly checked that the model-based LTCD-STCB curves (Fig. 3) remain effectively the same for other values of n P , for both the PG and MPG models. Interestingly however, based on the prototype social theories having inspired this modeling paradigm (see for instance Refs. [17] , [18] , [19] and [20] ), one would expect that the number of prototypes underlying an empirical cultural space distribution is small (between 3 and 5) and independent of the empirical data set. This is a strong claim of structural universality that should be tested by future research. Some empirical support for this direction is already present in social and cultural psychology [26] , relying on statistical tools and data sets different than those employed here. One can even expect that a universality class, in the statistical physics sense of the term, can be rigorously defined for encompassing realistic cultural space distributions.
Methods
The two measures of long-term cultural diversity (LTCD) and short-term collective behavior (STCB) respectively, both taking values in [0, 1], are evaluated, for a given cultural space distribution, in the manner described in [12] , as functions of the bounded confidence threshold ω ∈ [0, 1]. The former measure, which formally reads LTCD(ω) =
, is simply the normalized, average number of cultural domains N D in the absorbing state of a minimalist, bounded confidence Axelrod model, which is run multiple times for a given ω. The long-term model takes as input the full information about the cultural space distribution for defining the initial state, the cultural traits being then altered by the dynamics.
The latter measure, which formally reads STCB(ω) = σ(Φ) = , is the analytically evaluated spread of the distribution of the normalized, aggregate choice Φ of the agent population in a minimalist Cont-Bouchaud model, that would be obtained by running the model multiple times for a given ω. The short-term model would take as input only part of the information about the cultural space distribution, namely the pairwise dissimilarities d ij between cultural vectors, which allow for a cultural graph to be defined by allowing the existence of only those links satisfying d ij < ω for the purpose of intermediating social influence. Since the cultural graph is assumed fixed on the short-term, the sizes of the connected components {S A } ω would fully determine the value of STCB(ω), which is visible in its analytic expression. For both models, one cultural vector is matched to one agent, and two agents i and j are allowed to interact only if the cultural distance between the two is smaller than the threshold: d ij < ω. The cultural distance d ij is a measure of dissimilarity between the two cultural vectors i and j and is computed according to the following formula:
where F is the number of cultural features with k iterating over them, f 1), where N is the number of cultural vectors. The AIVD can also be understood as the average uniformity of the probability distributions of the cultural features, while the SIVD can also be understood as the average correlation of pairs of cultural features (see the SI of Ref. [12] ).
For simplicity, structural models are only considered in the context of cultural spaces defined exclusively by nominal variables (features), such that any cultural prototype can be assumed to select one specific value (trait) from those available with respect to any variable (different cultural prototypes are nonetheless allowed to sometimes select the same trait). Had ordinal variables been considered for this purpose, cultural prototypes should be matched to probability distributions defined on these variables rather than to specific values, which would make the models mathematically more involved (such extensions are left for future research). The models are compared to the nominal part of the Eurobarometer (EBM n ) data set (the only one having a large enough fraction of nominal variables), while making use of its data format (number of features and their ranges) and having their parameters tuned to it in terms of the AIVD and SIVD quantities. More technical information about the prototype generation (PG) and mixed prototype generation (MPG) models are given in Sec. B of the Appendix. More information about the fitting procedure is given in Sec. C of the Appendix.
Data sets are considered valid for the purpose of extracting empirical cultural space distributions if they contain multivariate information about human opinions, preferences, beliefs, values, or anything else inherently subjective and conceivably subject to social influence. An additional requirement is that all sampled people are exposed to all the cultural variables. Demographic variables that are typically also present in large-scale social surveys (recording age, geographical information etc.) are simply discarded. More details about the empirical data sets used here are given in Sec. A of the Appendix.
Shuffling and randomization of cultural space distributions can be carried out both for empirical and artificial (generated using a structural model) data, both operations preserving the original data format. Shuffling also preserves the occurrence frequencies of the values that any variable can attain, since it consists of randomly and independently permuting these values among people for every variable, but destroys correlations between variables. Randomization consists of randomly assigning a value, within the allowed range, for every variable and for every person, thus destroying both the occurrence frequencies of the values and the correlations between variables. Consequently, shuffling preserves the AIVD of the original data but not the SIVD, while randomization does not preserve any of the two.
A Empirical data
Aside from demographic variables, certain variables containing cultural information are also discarded if, due to the survey format, they can only be answered when certain answers are given to other variables, or if their possible sets of answers depend on the answers given to other variables. Including such variables would introduce inconsistencies in the encoding of cultural vectors, the definition of cultural distance and in the structural models. For each included nominal variable, any "Don't know" type answers are mapped to a trait defined in addition to those corresponding to well defined answers. For each included ordinal variable, "Don't know" type answers are mapped to the middle of the ordinal scale -if there is an even number of possible answers, for each person, the choice is randomly made between the two answers closest to the middle of the scale. The split-ballot variables in the EBM and GSS sets, which are all ordinal, were merged by meaningfully mapping the possible answers from one ballot to those from the other ballot, like in Ref. [16] . If the number of possible answers is different for the two ballots, in which case this number is even for one ballot and odd for the other, the odd version is kept, which guarantees the existence of a middle value to which all "Don't know" type answers can be directly assigned. The answers from the even version are then mapped to the closest answers in the odd version, in terms of the distance from the lowest-value answer, assuming that the distance between the lowest-value and highest-value answers is the same in the two versions (consistent with the definition of cultural distance in Eq. (1)).
From the Eurobarometer (EBM) data set [22] , 209 variables are kept as cultural features, out of which 101 are nominal. From the Jester (JS) data set [25] , 100 cultural features are recovered, all of them being ordinal -only people having rated all the jokes are considered. From the Religious Landscape (RL) data set [24] , 41 cultural features are recovered, out of which 10 are nominal. From the General Social Surveys (GSS) data set [23] , 62 cultural features are obtained, 5 of them being nominal -because of the large number of variables of this data set, only those capturing opinions on issues related to technology, science and the environment are kept, similarly to Ref. [16] .
B Structural models
For both the PG and MPG models, the same procedure is used for generating the cultural prototypes. First, one entirely random cultural vector is generated, which may be labeled as the "super-prototype". Then, n P prototypes are generated from the super-prototype, by partly copying its traits, while generating the other traits randomly. For each prototype, the traits of a random and independent set of o p ·F cultural features are copied, where o p is the "prototype overlap parameter", which effectively controls the average overlap between the prototypes and the super-prototype as well as the average prototype-prototype overlap. Once the prototypes are generated, the super-prototype is discarded.
For prototype generation (PG) N − n P vectors are generated from the prototypes. For each vector, one of the n P prototypes is randomly chosen, the traits of a random and independent set of o v · F cultural features are copied from the prototype to the vector and the other traits are generated randomly. The "PG vector-overlap parameter" o v effectively controls for the average overlap between vectors and their prototype of origin, as well as for the average vector-vector overlap for vectors originating from the same prototype. The n P prototypes are finally also added as vector together with the N − n P "proper" vectors to obtain a cultural space distribution with N "entries". One can argue that a prototype is an "ideal" cultural vector, one that is just representative of a category, which is not fully realizable by any person. This suggests that that the prototypes should not be included in the cultural space distribution. However they are included in PG cultural space distributions in order to keep the scheme consistent with Ref. [16] , since their absence turns out to dramatically affect the LTCD-STCB curves. Nonetheless, they are excluded from the more realistic MPG cultural space distributions.
For mixed prototype generation (MPG) N vectors are generated from the prototypes. For each vector, n P + 1 random weights {w
k=1 w p k = 1 are generated, where parameter p ∈ (0, +∞) controls for the average non-uniformity of these weights (see below). The largest n P weights are randomly assigned to the n P prototypes in a 1-to-1 manner. The weight associated to a specific prototype dictates the fraction of features copied from that prototype to the vector that is just being generated -if the weight is w, the traits of a random selection of w · F features are copied. The sets of features provided by the different prototypes are disjoint for each vector. The values of the remaining features are generated randomly. In this manner, each vector is dominated by one of the prototypes, but influences from the other prototypes are also present. Once all vectors are generated in this way, the prototypes are discarded.
The MPG weights {w p 1 , ..., w p n P +1 } are obtained via:
where {W 1 , ..., W n P +1 } is a set of weights with a fixed average non-uniformity, subject to the same constraint n P +1 k=1 W k = 1, which are computationally generated by virtually cutting the [0, 1] segment in n P random places. This generation procedure is independently carried out for every vector. Note that, in the case of MPG, the average overlap between vectors and their dominating prototypes is controlled by p, since the higher the non-uniformity of the weights, the higher the average value of the highest weight and thus the higher the overlap with the dominating prototype. A value of p = 1 from within the allowed (0, +∞) interval leaves the average non-uniformity of {w p 1 , ..., w p n P +1 } the same as that of the computationally generated {W 1 , ..., W n P +1 }. Parameter p is expressed for convenience as a remapping of o v ∈ (0, 1) given by:
where o v is being referred to as the "MPG vector-overlap parameter", fulfilling a similar role to that of the "PG vector-overlap parameter" (see above), which is why the same notation is being used. It turns out that the same procedure can be used for other integer values of n P larger than 1, for both PG and MPG. This numerical fitting procedure does not make sense for n P = 1 for either of the two models, since, in either case, parameter o p no longer counts as a degree a freedom (one can no longer talk about average prototype-prototype separation if only one parameter is present), so one can no longer fit both the AIVD and SIVD. It is worth checking how robust the LTCD-STCB curves in Fig. 2 are when switching from one geographical region to another. This is shown in Fig. 5 , which focuses on the two data sets which allow for division of the sample in terms of geographical regions, namely the Eurobarometer and the Religious Landscape. Moreover, only the nominal-variable information in the Eurobarometer is being used, for reducing the computational time required by the Axelrod model and for making a closer connection with the comparison of the structural models (Fig. 3) . For each data set, the original and shuffled LTCD-STCB curves are being shown for 5 EU countries and for 5 US states respectively. The random curves are omitted, because, for a specific data set, they correspond to exactly the same statistical ensemble of cultural space distributions, which is fully determined by the types and ranges of variables in the empirical data, which are the same regardless of the sample of people. Note that, for both data sets, the original and shuffled curves fall into clearly distinguishable bands. The original curves are systematically above the shuffled ones, while being close to the diagonal, nearly smooth and continuous. This confirms the geographical robustness of the implicit structural properties.
